The concept of ecosystem services has gained importance in the forest management and forest policy processes in recent years. Ensuring the sustainable provision of ecosystem services requires accurate information of the current provision and methods for predicting the impact of important drivers, such as changes in land cover and land use. In this review, we define the sources of uncertainties in forest-related ecosystem service assessments and discuss their importance to the usability of the information for different purposes. The uncertainties are due to e.g. variation in the selected indicators for the ecosystem services, lack of primary information on them, poor correlation with the data used for mapping the ecosystem services to larger scale and for predicting the impacts of human interventions. The uncertainties can be random or non-random and their assessment is often ignored, especially in the case of the non-random errors. As a result, different assessments and subsequent decision recommendations can be highly conflicting. We do not expect that the accuracies would significantly improve in the short term. The best way to proceed is therefore to assess the uncertainties and take them into account in the decision making for forest management.
Ecosystem services concept as a means to promote sustainable forest management
Ecosystem services (ES) represent the goods and services derived from the functions of ecosystems utilized by the humanity (Costanza et al., 1997 (Costanza et al., , 2017 Crossman et al., 2013) . The concept of ecosystem services was originally designed as an educational and communication tool (Daily, 1997) to acknowledge that human wellbeing is tightly connected to the provision of these services. Nowadays the concept of ecosystems services is the main framework for environmental policies and monitoring (Norgaard, 2010) . The European Commission emphasizes the importance of accurate information on ecosystem services as the basis of the EU Biodiversity Strategy for 2020 (European Commission, 2011) . Land use change is the most important driver affecting the ecosystems (Dong et al., 2015) . As a result, ecosystem services have been emphasized in national and regional land use policies and planning (e.g. Frank et al., 2015 , Haakana et al., 2017 , Tammi et al., 2017 . Policy makers are increasingly recognizing the potential of ecosystem service mapping in strategic planning (Vorstius and Spray, 2015) .
In the cascade model ( Fig. 1) , the ecosystem services are addressed through the structure and process of the ecosystems and their functioning, benefits and value obtained from the used ecosystem services.
The biophysical structures and processes create the basis for the functioning of the ecosystem and the functions create the capacity to provide services. The capacity to deliver a service exists independently of whether anyone wants or needs that service, but that capacity becomes a service only if a beneficiary can be clearly identified. The value of the benefit can be defined as economic, social, health or intrinsic value (Haines-Young and Potchin, 2010) . The ecosystem services approach has been criticized, however, for taking a fully anthropocentric view and hiding the intrinsic values of nature (Fürst, 2015) .
Ecosystem services can be grouped in many different ways (e.g. de Groot et al., 2002 , MA, 2005 TEEB, 2010) . In Common International Classification of Ecosystem Services (CICES), which is used in this review, the ecosystem services are divided to provisioning, regulation and maintenance, and cultural (Haines-Young and Potchin, 2010) . Services that are most relevant from forest management point of view include provisioning services such as timber, berries and mushrooms, game, reindeer, and bioenergy; regulating and maintenance services such as climate regulation; and cultural services such as recreation and nature tourism. In the following text, we use the term 'ecosystem services' to refer to all possible forest-related ecosystem services in general and differentiate between them only when it is relevant from the point of view of data acquisition. In those cases, we always spell out the specific ecosystem services or steps of the cascade model ( Fig. 1) we are referring to.
The ecosystem services are operationalized through a selected set of indicators (e.g. Müller and Burkhard, 2012) . The purpose of the indicators is to support the management of ecosystems and to communicate on their condition. Thus, they simplify the complexity of the ecosystems to manageable concepts. The set of relevant ecosystem services and their indicators varies from region to another. For instance, Mononen et al. (2016) and Hansen and Malmaeus (2016) have presented a different set of indicators for Finland and Sweden, respectively, even though the two countries resemble each other very closely in terms of forest structure. This variation is one of the challenges when comparing international ecosystem service assessments (Maes et al., 2012b , Mononen et al., 2016 . One possible reason for the variation is that the values of the experts who carry out the selection of the criteria implicitly reflect to the selection of the indicators (Menzel and Teng, 2010) .
Sustainable management of natural resources can be seen as maximizing the social welfare obtainable from them (Kant and Lee, 2004) . Sustainability means that the future generations can consume the ecosystem services to the same extent as the current one (e.g. Norgaard, 2010) . Sustainable provision of ecosystem services thus requires a nondeclining provision of all services over an infinite period in time. Only changes that are inarguably sustainable are Pareto improvements, where the supply of ecosystem services improves with respect to one or more indicators but does not deteriorate with respect to any of the other services. Trade-offs are inevitably related to all other changes in the current and future provision of the ecosystem services. The decision on whether such changes are sustainable or not depends on the values of the humans making the evaluation (e.g. Fürst et al., 2010 , Vorstius and Spray, 2015 , Hartikainen et al., 2016 . Including ecosystem services into decision making is one way to strive for sustainable forest management (e.g. Martinez-Harms et al., 2015) . According to Meyer and Schulz (2017) , however, forests are currently underrepresented in the studies related to ecosystem services.
Ensuring that ecosystem services are provided sustainably requires information of the current state. Sample-based information is adequate to make decisions on sustainability at national and regional scales. For decision concerning locations, such as where it is important to protect, restore or improve ecosystems or their services, a map -i.e. spatially explicit information -is required. The maps can be used, for instance, to detect hotspots or coldspots, i.e. areas with high or low supply of ecosystem services (e.g. Pagella and Sinclair, 2014) . Co-occurrence of different ecosystem services in an area implies synergies and tradeoffs (Maes et al., 2012a) . The maps can also be used to detect areas where the supply of ecosystem services decreases or increases due to changes in land use (Pagella and Sinclair, 2014) ; to identify providing and benefiting areas (Syrbe and Waltz, 2012) ; and to communicate the effects of policies to the land use and ecosystem service provision (Vorstius and Spray, 2015) .
Real policy decisions require two or more decision options to choose from and predictions of the future consequences of these options (Corona, 2016) . To ensure sustainable provision of ecosystem services, information needs to be available and of sufficient quality. We also need to have decision support tools for predicting the future development of the services affected by the decisions executed.
We review the acquisition of primary data (Section 2) and mapping of ecosystem services (Section 3), concentrating on those services relevant from forest management point of view. We review the methodology available to assess the uncertainty in the ecosystem services data (Section 4) and note that in most cases uncertainty assessment is lacking or inadequate. The search of references was carried out using Web of science on 15 November 2016. We used one keyword describing the uncertainty assessment (e.g. "error" , "uncertainty", "validation", "evaluation"), one keyword describing the data collection and usage (e.g. "mapping", "inventory", "data acquisition") and as the last keyword "ecosystem services". While the inclusion of all resulting articles to this review is by no means exhaustive (Web of science gave 22 652 hits for the keyword "ecosystem services"), we specifically attempted to focus on articles that acknowledged uncertainties. Finally, we discuss our findings on the gap between the information demand and supply in terms of contents, scale, accuracy and uncertainty assessment with respect to decision making.
Acquiring ecosystem services data

Indicators for ecosystem services
The data acquisition for ecosystem services is operationalized through a set of indicators that can be assessed. Primary data are needed for the indicators of the structure, function, benefits, and value in the cascade model (Fig. 1) . For instance, the habitat area (ha), production (kg/ha/A), yield (kg), and monetary value (€) could serve as the indicators of structure, function, benefits, and value, respectively, if forest berries and mushrooms were considered as an example service (Mononen et al., 2016) .
Selecting a good set of indicators is important, as those vary in quality for decision making. Auvinen et al. (2007) evaluated indicators of biodiversity using several criteria: relevance, impact, effectiveness, cost-effectiveness, acceptability, incentive value, transparency and opportunities for participation, equity, flexibility, predictability, and A. Kangas et al. Forest Ecology and Management 427 (2018) 7-16 permanence. Forest inventory experts defined 41 variables measurable at field that could be used as indicators of biodiversity (Chirici et al., 2012) . These indicators were ranked from low to high according to their feasibility and importance and those that had both high feasibility and importance were found to be the most useful. Primary data for many forest related indicators of structure and function can be obtained from field plots of forest inventory (Table 1) . If primary data are available, those can be used to form (statistical or process-based) models. Models are of importance, as they can be used for mapping the services and especially for assessing the impact of future changes. Primary data for benefits and value require surveys involving the human beneficiaries. These data can also be presented as a (benefit transfer) model. As it is often difficult to obtain the required data, most of the services lack primary information (Eigenbrod et al., 2010) . The only option in that case is to assess the ecosystem services by means of expert judgment, even though such data are highly subjective and difficult to validate (Table 1) .
Field data
In many countries a sample-based national forest inventory (NFI) has been established for monitoring forests . The main benefit of the sample-based data acquisition is the possibility to assess the uncertainty included ( Table 1 ). The NFIs have traditionally measured indicators suitable for timber production. For instance, the NFIs provide estimates of the area of managed forests (ha) and the increment of growing stock (m 3 /ha), which were identified as indicators of wood and bioenergy provision (Mononen et al., 2016) . Carbon-related indicators are also readily available, because those can be calculated from the growing stock information.
Currently, the NFIs also measure other than timber-related indicators, such as those related to deadwood, vertical structure, important habitats, and tree species mixtures. For instance, the global Forest Resources Assessment (FRA) strives for collecting information on the provision of ecosystem services globally (Miura et al., 2015) . However, obtaining primary information on ecosystem services other than timber is still a challenge. Sample-based inventory data are accurate and, in principle, could include many other indicators of structure and non-wood production. In practice, the collection of such data may be resource intensive (Maes et al., 2012b) and therefore practically infeasible. A smaller sample tailored specifically for the given ecosystem service(s) is often needed to provide adequate statistics concerning, for instance, the production of forest berries or game habitats (e.g. Kurki et al., 2000 , Turtiainen et al., 2011 , Melin et al., 2016 .
To enhance the availability of primary data, many different environmental monitoring schemes have been and are being developed (see Geijzendorffer and Roche, 2013 for a review). Most of them are related to a subset of possible ecosystem services. Several monitoring schemes have been developed for habitat or species diversity (e.g. Ståhl et al., 2011 , Corona et al., 2011 , Chirici et al., 2012 , while the political focus of environmental protection has recently been based more on maintaining or restoring ecosystem services (Geijzendorffer and Roche, 2013) .
The ecosystems provide services in different scales, which need to be accounted for also in the monitoring schemes (Geijzendorffer and Roche, 2013) . The scales can be local, regional, global, or related to directional flow or distance (e.g. Costanza, 2008) . Each indicator should obviously be monitored on the relevant spatial scale. Some indicators like landscape patterns require observations from wider geographical extents than sample plots. The patterns can be described using landscape metrics such as the number of patches, mean patch size, or shape and diversity indices Ramezani and Ramezani, 2015) . Another similar example requiring landscape measures are the recreational and aesthetic values (Pukkala et al., 1995; Frank et al., 2012) .
Survey data
The benefits and value, i.e. the uptake of services, are typically difficult to assess in the field. Some indicators, such as the degree of grazing by game, may be monitored with sample-based inventories, but surveys or interviews of the beneficiaries are often needed. If it was possible to interview the beneficiaries living close to the field plots, the surveys could be directly linked with the field measurements, but usually the surveys need to be carried out as a separate effort.
Trade statistics can also provide useful information. For the provision of most of the ecosystem services, relevant statistical information exists at the national level. For instance, the amount and value of berries, mushrooms or other non-wood forest products having monetary value are assessed in several countries. The Food and Agriculture Organization of the United Nations (FAO), Center for International Forestry Research (CIFOR), International Forestry Resources and Institutions Research Network (IFRI) and World Bank have even published good practice guidance for collecting socio-economic data with household surveys (FAO, CIFOR, IFRI and World Bank, 2016) .
Specific valuation studies are needed for ecosystem services which do not have market value. In general, valuating non-market goods can be carried out using either preferences revealed in real decision A. Kangas et al. Forest Ecology and Management 427 (2018) 7-16 situations, or those stated in hypothetical decision contexts (Louviere et al., 2000) . In many cases, however, there are no other possibilities except relying on the stated preferences. The stated preferences methods include e.g. contingent valuation or choice modeling (Louviere et al., 2000) .
Benefit transfer data
Most of the evaluations are case studies, which involve one or a couple of services in one region (e.g. Horne et al., 2005; Japelj et al., 2016) . When the value of an ecosystem service is evaluated in one or more regions, the benefits can be transferred also to other areas to obtain national or global level evaluations (benefit transfer). This is often the only option because of budget constraints.
The main difficulty in the benefit transfer is the question of how well the findings from one region can be generalized to the others (Table 1 ). For instance, the estimate of Costanza et al. (1997) on the total value of the global ecosystem services of 33 trillion US dollars annually has been widely criticized for the lack of attention to the context and consequently invalid benefit transfer (Bulte and van Kooten, 2000) . However, such estimates potentially provide reasonable approximations and the main goal in the benefit transfer approach may not be accuracy, but usefulness (Richardson et al., 2015) .
The transferability depends on the context and the spatial scale of the original studies (Richardson et al., 2015) . For instance, it is possible to compute a unit value of one original evaluation study that best matches the characteristics of the site of interest and to use that value for the generalization. However, a meta-analysis modelling the ecosystem service values observed in the existing studies as a function of the characteristics of the study sites could be more useful. Such metaanalysis models are available for many ecosystem services (Nelson and Kennedy, 2009 ).
Expert judgment
Even if we seldom have suitable primary field or survey data for ecosystem services, it does not mean that we have no information at all. Instead, expert opinion may provide the best option available for assessing the ecosystem services in question for some cases.
Expert opinions are typically collected in the form of a model, meaning that the experts are asked to assess e.g. berry production potential, biodiversity, recreation value or habitat suitability in a given forest site type or forest age class, and the result is presented as a function of the forest characteristics. The most popular input data are probably the land use / land cover (LU/LC) matrices (Balzter et al., 2015) . The expert opinions are typically assessed using qualitative techniques, such as on a verbal scale from very low to very high supply , Fürst et al., 2013 , Jacobs et al., 2015 . It is also possible to use quantitative techniques such as pairwise comparisons, which enable producing statistical models from the judgments (Kangas et al., 1993 , Ihalainen et al., 2002 , Leskinen et al., 2003 .
Information based on expert opinions is a less costly alternative compared to acquiring primary field or survey data on any ecosystem service. The drawback is that the quality of such data cannot be guaranteed. Large disagreements between the experts imply poor information quality (Kangas et al., 1998) . The results depend on who, how many, and what kinds of experts are used. For instance, both scientists and tourists could be used as experts in questions concerning recreation. Techniques such as Delphi rounds have been used in order to increase the consensus between the experts (Scolozzi et al., 2012) , but new rounds of assessments may also increase the variation between the experts (Kleemann et al., 2017) . The judgments of experts could be weighted based on their expertise or the most uncertain experts could be left out (Leskinen et al., 2003) . However, even when all experts agree on the provision of a given ecosystem service, they may be collectively wrong or the expert disagreeing with all the others could be the one with the best knowledge. This means that expert opinion is very susceptible to bias (Table 1) .
Assessing the impact of changes
It is important to model the services based on information that allows for predicting their development in time and under human interventions -i.e., not just for mapping the current state. Land use change is the most important driver in the provision of ecosystem services and to predict consequences of land use changes, the provision of ecosystem services needs to be modelled as a function of the land use. In the simplest case, the experts assess the provision of ecosystem services directly as a function of LU/LC classes in two time points and the impacts of land use changes can be calculated as the subtraction of the before and after maps (e.g. Fürst et al., 2013 , Kleeman et al., 2017 . The landscape pattern also plays a major role in many cases, which means that the models need to account for the properties of the neighborhood of pixels or stands instead of just individuals.
A modelling approach can be used to capture the continuum of ecosystem services (Krishnaswamy et al., 2009) . It is possible to model the provision of ecosystem services using either input variables fixed in time, such as topography, or those changing over time, such as canopy cover, tree species or biomass (e.g. Andrew et al., 2014 , MartinezHarms et al., 2016 . Many types of modelling techniques, such as nichebased, trait-based or full process models based on actual causal relationships (Lavorel et al., 2017) , have been used. The effect of land use change on the provision of ecosystem services can be predicted by first assessing the effect of the land use change on the input values. In a case of forest resources, matrix-based forest scenario models can be utilized (e.g. Vauhkonen and Packalen, 2017) . Thus, it is possible to predict the consequences of different policies on ecosystem services by first predicting the future development of forest resources under these policies.
Mapping of forest ecosystems
Mapping ecosystem services means that the information available is generalized over an area based on remote sensing (RS) or other information presented in a Geographical Information System (GIS). The simplest -but often also the least accurate -way is to utilize previously collected and interpreted RS material, such as LU/LC maps provided by CORINE. It is possible to map all aspects of the cascade model (Fig. 1) , in principle. In practice, however, parameters related to in situ production like carbon sequestration can be mapped fairly easily, whereas those related to benefits like climate regulation are used globally and thus mapping them is more challenging (Pagella and Sinclair, 2014) .
As there is a lack of primary information concerning most of the ecosystem services, the most easily available map data source for ecosystem services is one based on expert assessment and LU/LC classes (Fig. 2, Fürst et al., 2010 Fürst et al., , 2013 Jacobs et al., 2015) . The resulting map is inevitably heavily simplified. For instance, Metzger et al. (2006) considered all non-urban lands to have an equal potential for recreation and cropland and urban areas to have no recreational potential at all. Such maps also concentrate on the land use composition, but ignore land use configuration and intensity (Lavorel et al., 2017) .
More detailed analyses require more detailed information, such as soil maps, vegetation or biotome maps or additional RS data (e.g. Vihervaara et al., 2015; Kaiser et al., 2013) . For instance, Vauhkonen and Ruotsalainen (2017) used expert judgement based models to generalize the ecosystem service predictions derived from forest resource maps (e.g. Tomppo et al., 2008) . Forest resource maps may often include more information than the LU/LC maps: beside the main tree species, also estimates of mean age, mean size and forest structure are included.
If primary data are available, the selected attributes can be generalized to larger areas by calculating the average estimates for the LU/ LC classes instead of using expert assessments (e.g. Eigenbrod et al., 2010) . The use of average within-class estimates may over-simplify the situation, as forests belonging to the same LU/LC class may have a very different potential to provide ecosystem services according to stand mean age, for example. Primary data can also be used in physical or statistical models, where the provision of ecosystem services is predicted for each pixel or stand using available GIS and RS information (e.g. Andrew et al., 2014; Martinez-Harms et al., 2016) . Such models can be directly utilized in mapping.
The accuracy of the produced map improves by a stronger relationship between the input variables and the ecosystem services in question. Thus, three-dimensional (3D) remote sensing products such as airborne laser scanning (ALS) data allow producing most detailed maps of forest ecosystem services (Davies and Asner, 2014; Vihervaara et al., 2015) . Unfortunately, the availability of 3D remote sensing data seldom supports large-scale analyses in the same way as the availability of satellite images.
Uncertainties in the ecosystem services mapping
Assessing the uncertainty
There may be uncertainties due to indicators chosen to describe the ecosystem services; GIS data used for mapping the services; relationships between the GIS data and the indicators; and due to the relationships between human interventions and the ecosystem services (Table 2) . Unfortunately, the accuracy assessment protocols used with map products do not clearly inform on if a map is useful or not (Ayanu et al., 2012; McRoberts, 2011; Pagella and Sinclair, 2014) . The first and last categories of Table 2 apply to decision making involving ecosystem services overall, and the other two categories for decisions concerning location-specific decision making.
The uncertainties can be random or non-random (or structural, see Boithias et al., 2016) . Non-random errors can be due to e.g. incoherent definitions of the ecosystem services, selection of indicators, spatial scale, missing explanatory variables, or analysis techniques (Martínez-Harms and Balvanera, 2012; Schulp et al., 2014; Barredo et al., 2015) . Non-random errors are also inevitable whenever expert judgment is used to assess the ecosystem service, e.g. due to the selection of the experts. In the valuation of ecosystem services, the number of services considered and the number of benefits evaluated for each service may introduce non-random errors (Boithias et al., 2016) . Random errors, on the other hand, come from measurement errors, sampling errors and residual errors of models.
The first source of uncertainty in the ecosystem services estimates is the use of primary data (Table 3 ). In the case of random errors, basic statistical analyses of measurement and sampling errors are valid assessment methods applied for indicators such as timber and carbon production. Non-random errors are much more difficult to assess, but empirical validation studies could be used to assess the effect of selected indicators or the variations of indicators between regions. Such studies could also be used to analyze the effects of missing indicators. The vagueness of definitions could be described using e.g. fuzzy numbers or sets, but from decision making point of view the best approach would be to refine the definitions. On the other hand, the variation of the measures used to describe the ES in question could in itself describe the vagueness of the definitions (Boerema et al., 2017) . Uncertainty in the relationship of the chosen indicator and the ecosystem service in question is more complicated. To be useful, the indicator should have a high positive correlation with the service in question. With empirical validation data, it is possible to analyze the degree by which the chosen indicators succeed.
The second source of uncertainty is the actual GIS data used for mapping, which can contain random errors due to misclassifications of the LU/LC classes, for instance. Such uncertainty can be assessed using Monte Carlo simulation (e.g. Dong et al., 2015; Foody, 2015) . The random errors can also be prediction errors, resulting from model-based generalizations of e.g. soil samples across regions. The non-random errors of GIS data may be related to varying amounts of LU/LC classes or varying resolution in the RS material between different studies. Assessing such uncertainties in the context of ecosystem mapping has largely been carried out by comparing estimates of ecosystem services obtained from different land use maps (e.g. Benítez et al., 2007; Schulp and Alkemade, 2011; Schulp et al., 2014; Van der Biest et al., 2015) . For instance, Schulp et al. (2014) compared four maps at the European level. As a result of the uncertainties, the produced maps strongly disagreed on the potential of climate regulation in Sweden and Finland despite the high proportion of forests in these countries. In such a comparison, the problem is that none of the maps is necessarily the true one and the accuracy of each map remains unknown. Another problem is that the varying sources of error are confounded and it is typically not possible to separate the effects of just one source.
The third source of error is the relationship between the indicators Fig. 2 . Ecosystem service mapping based on LU/LC map and expert estimates of ecosystem services provision in the classes (Jacobs et al., 2015) .
A. Kangas et al. Forest Ecology and Management 427 (2018) 7-16 of ecosystem services and the GIS data used for the mapping. The random errors are due to the prediction models between input data and the primary data on indicators of the ecosystem services. Non-random errors are due to, for instance, using expert judgment for modelling. Assessing the uncertainties in expert assessments of ecosystem services is not self-evident, but one way to assess the uncertainties is to analyze the disagreements between the experts using statistical methods (Alho and Kangas, 1997, Table 3 ). Even if primary data are available and the relationship is modelled with statistical models, non-random errors due to missing explanatory variables or other model misspecifications is possible, even likely. That source of error can be assessed by comparing different models in the predictions. The errors in the relationships between variables can be assessed using empirical evaluation. Land cover-based proxies are known to be poor predictors, because they have a poor correlation with the actual ecosystem services (Eigenbrod et al., 2010; Geijzendorffer and Roche, 2013) . For instance, Eigenbrod et al. (2010) generalized sample-based data of three ecosystem services to 10 × 10 km squares and compared the resulting maps to those produced as averages for the land cover classes. Both the approaches were thus based on the same data, but classified either with or without using the land cover classes. When the areas with highest potential for provision of ecosystem services were searched for, the congruence between these two maps was not very high. For instance, when looking at hotspots (the best 10% of the area), the two maps were overlapping in 23% of cases for biodiversity, 17% for recreation and 62% for carbon storage.
A model that uses local biophysical information as explanatory variables in addition to land use can produce much more accurate information. For instance, in the comparison carried out by MartinezHarms et al. (2016) , a model could predict 60% of the variation of the firewood, compared to the 15% of the look-up-table. With this kind of model, it is also possible to analyze the importance of the different components of uncertainty (e.g. Livne and Svoray, 2011) .
The last source of error is the relationship between the ecosystem service production and human interventions. The assessment methods for this source of error are similar as in the previous case.
The uncertainty assessments should be spatially explicit instead of aggregated in applications aiming to use the ecosystem maps to locate the areas of hotspots. One problem is that the errors may be very heterogeneously distributed over the landscape or between the different ecosystem services considered (Dong et al., 2015) . For instance, Grêt-Regamey et al. (2013) used a Bayesian network for a spatially explicit uncertainty assessment. It is also possible to map the robustness and sensitivity of the expert opinions (Ligmann-Zielinska and Jankowski, 2014; García Márquez et al., 2017) .
The uncertainties from the different sources cumulate in the analysis (e.g. Barton et al., 2018) . For instance, if ecosystem structure is used as a basis for assessing ecosystem function(s), which is further used as a basis for predicting the benefit(s) and value, the errors related to the different steps of the cascade model cumulate. This cumulating effect thus mainly affects the primary data concerning the benefit(s) and value. However, the cumulating effect also applies to cases where decisions are carried out based on locally predicted impacts of human interventions, which in turn are based on the predicted provision of the ecosystem services. In such cases, all sources of errors introduced in Table 2 apply, but the users of the information should especially be cautioned on the cumulating effect of the non-random errors.
The effect of uncertainty in decision making
The uncertainties should be quantified and communicated to decision makers in order to make informed decisions. Errors can lead to biased valuation of the ecosystem services and, consequently, erroneous decisions (Foody, 2015) . The distinction between random and non- Table 3 Methods suitable for assessing different types of errors. (Table 4) is especially important when accounting for the uncertainties. For all random error types, it is possible to simulate several outcomes of a given decision and use these simulations either for sensitivity or scenario analyses. When scenarios can be simulated, it is also possible to use stochastic programming or Bayesian decision analysis for the decision making. Stochastic programming makes sense when there are constraints in the analysis (e.g. Eyvindson and Kangas, 2014; Hartikainen et al., 2016) . Bayesian analysis is especially useful if the problem can be described using a decision tree with only a few possible outcomes for each decision (Smith, 2012) . Scenario analyses with scenarios based on the assessments of different experts or different models are also one possibility to assess the non-random errors, such as uncertainties in the expert judgments. In the assessments of the effects of human interventions, it is possible to utilize adaptive management, i.e. learn from experiences and adapt the management accordingly (Birge et al., 2016) . However, adaptive management based on two-stage stochastic programming is also a possibility, when additional information is acquired (Kangas et al., 2015) .
Vague definitions are the most challenging non-random error, but decision support methods such as fuzzy optimization and fuzzy decision analysis (Kangas et al., 2015) can still be utilized when all uncertainties are described using fuzzy approach rather than statistical analysis.
Different types of uncertainties may be important for the different types of decisions. Therefore, it may not be necessary to account for all types of errors in every decision problem. As the effects of these errors are very poorly known, it is difficult to assess the importance of each error source on the decisions. However, based on the map typologies of Pagella and Sinclair (2014) , we have assessed the importance of accounting for errors for some applications. Table 5 presents the results of this analysis using three classes (low, medium, or high), which indicate how important it is to include uncertainty analyses in the example applications for those to produce truthful outcomes.
Random errors in primary data for the indicators and GIS data likely have a small effect on trade-off analyses between different ecosystem services. In contrary, the most important source of error for the tradeoff analyses is the relationship between GIS data and the indicators of the ecosystem service. The non-random errors are especially important. If the relationship is biased, it is evident that the relationship between two ecosystem services analyzed for trade-offs will be biased as well (Table 5) . Likewise, vague definitions of ecosystem services in the first place are also likely very important. However, the best way to avoid this source of uncertainty is using unambiguous definitions.
On the other hand, the accuracy of the locations is important, if we wish to find hot or cold spots for the considered ecosystem services. In such case, also the random errors in the GIS data may be important. However, the non-random errors in the relationships between the GIS data and the indicators of ecosystem services are likely to be the most important sources of error when detecting the hot spots. Obviously, the relationships between the impacts and the ecosystem services are more important than in the previous decision types, if we wish to map the impacts. The uncertainties related to the impacts are also important, if we wish to detect locations with greatest possibilities for increasing the provision of selected ecosystem services. The uncertainties in the GIS data are also fairly important in detecting the correct spots. Here, as well as in the previous cases, we assess the non-random uncertainties to have the highest impacts in the analyses.
Discussion
Considering the high relevancy of ecosystem services for policy making, the information basis is not adequate for most of the forestrelated ecosystem services. Maps of ecosystem services are only as good as the data available on the services to be included (Blackstock et al., 2015) . Therefore, it is concerning that in a recent review of 405 papers on ecosystem services (Boerema et al., 2017) , only a fifth of the studies included actual field measurements, i.e. primary data, and 31% of studies did not report any data.
It is possible to make informed decisions concerning some of the forestry-related services, especially timber production and carbon sequestration for which good-quality data are usually available from NFIs. For some others, like berry and mushroom production, information is available, but its quality may not be high enough for informed decisions (see Kilpeläinen et al., 2016) . Maps concerning the benefits and values also involve considerable errors (Schägner et al., 2013) . Moreover, the quality of the indicators themselves should be validated. Many of the indicators currently used are very weakly correlated with the ecosystem services (Boerema et al., 2017) . Measuring indicator variables in national and global forest inventories would provide a breakthrough for sustainable forest management (e.g. Miura et al., 2015) . It would mean that primary data on the services are available both for the analyses and for the validation.
Assessing the uncertainties in the estimated provision of the ecosystem services is considered to be highly important (e.g. Boerema et al., 2017 , Barton et al., 2018 . In spite of this, Boerema et al. (2017) conclude that uncertainty and validation analyses are mostly ignored. Even if uncertainties are assessed, the assessment typically covers only one or two possible sources of uncertainty. Many other potential sources listed in the previous sections have only rarely been comprehensively addressed. In the papers we reviewed, the non-random uncertainties related to the number of LU/LC classes and RS data resolution were addressed most often. We also discovered cases where the random misclassification errors of GIS data, the non-random uncertainty due to possible model misspecification, and the random uncertainty due to poor correlation were addressed. Such cases were still rare, considering that our search was specifically focused on papers addressing the uncertainty. It is probable that we did not find all relevant papers, but considering the obvious lack of existence of such papers, unlikely many were missed.
For some ecosystem services, the only available analyses are based on expert opinion and LU/LC classes, which may be highly biased and poorly correlated with the actual services. Considering that primary data are available only for a minority of studies, the expert opinion is a very important source of data. Related to the importance of this data source, it is notable that we were not able to find any ES studies that • Scenario analysis A. Kangas et al. Forest Ecology and Management 427 (2018) 7-16 would have addressed the uncertainty due to (non-random) variation among the experts or possible biases or misspecifications of the expert opinion models. In the future, it is very important to validate these expert judgment studies. As the majority of experts can be wrong, it is important to exercise caution with these analyses.
There is an inevitable tradeoff between the coverage, level of detail, and accuracy of the data, which reflects to the decision making. For international policy making, global assessments are required and a low level of detail and low accuracy might be acceptable. The requirements of detail and accuracy increase from the national to regional and local levels of policy making. Uncertain ecosystem service maps with a low level of detail are ill-suited for decision support or for identifying areas that produce multiple services at a local level. Even so, such maps might still be used to detect large-scale trends (Eigenbrod et al., 2010) . When local primary data are available for the mapping, maps that are better suited also for local decision making can be obtained.
The uncertainties in the ecosystem services analyses are high, but producing significantly more accurate information on ecosystem services may take years. Nevertheless, Costanza et al. (2017) proposed improving the measurements and their utilization as a key to identify differences in outcomes among policy choices. Moore et al. (2017) recommend that in some cases qualitative rather than quantitative information on ecosystem services is used, due to the high uncertainty. We agree with the problem brought up by both the references above, but disagree on means to solve it. Already in the short term and in the absence of better measurements, appropriate and transparent information can be provided to decision makers using quantitative information and decision analysis techniques that account for the inherent uncertainties (Table 4 ).
The quality requirements concerning the information on ecosystem services for planning and policy making should be assessed. This assessment depends on the scale of the decision problem (local, regional or national). It is also important to relate the quality needs to the temporal scale of the decisions and policies. It is clear that in a spatial scale of pixels, stands or estates, the decisions to be made are different than those for national or global levels. As a consequence, also the indicators that are relevant and/or useful are different, as well as the accuracy requirements set to these indicators. We also need to assess the quality requirements separately for different types of problems (Table 5) , as the data requirements are obviously different for different tasks. The most pressing need is to assess non-random uncertainties.
The sufficient accuracy of information can be addressed based on the concept of value of information (VOI) for each specific decision problem. It can (ex ante) be calculated as the difference of expected value of a given decision with and without a source of new information (Lawrence, 1999 , Kangas, 2010 . The VOI for monitoring ecosystem services has not been estimated in any study to our knowledge. However, Eigenbrod et al. (2010) conclude that benefits from improving the information on ecosystem services by sample-based mapping far outweight the costs.
There is also an urgent need to communicate the scope and limitations of various ecosystem service maps to the users (Vorstius and Spray, 2015) . Moreover, there is a need to introduce the uncertainties into the decision making process, in order to improve the actual decisions. Unfortunately, Barton et al. (2018) conclude that only 2% of the 313 papers they reviewed actually targeted decision making. Addressing the uncertainty in the decision process could improve the decisions and reduce the risks in a more cost-efficient way than improving the accuracy of predictions by better primary data (e.g. Eyvindson and Kangas, 2014) . This is possible when the decisions are good for many scenarios of the future provision of ecosystem services, instead of being the best or optimal for just one outcome. There is a need to change the focus from assessing and mapping the ecosystem services to actually using the information in decision making, and doing it intelligently, i.e. taking also the uncertainties into account.
Conclusions
The quality of information for different ecosystem services varies between the different services. Forest inventories provide accurate information for timber production, whereas for many other services, expert opinions serve as the main source of information. The larger the spatial scale of the analyses, the less information is typically available and this situation cannot be expected to markedly improve in the future. Incorporating the uncertainties into the decision making and policy analyses enables us to produce robust decisions and policies, meaning that the recommendations apply to a whole set of possible scenarios of future and very poor outcomes can be avoided. Thus, assessing the uncertainties and acknowledging them in decision making is the fastest and cheapest way to improve the provision policies of forestrelated ecosystem services. 
